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The stock markets in India have grown significantly in both
value and volume in the last decade. This has also made
available enormous investment and trading opportunities
for market participants. Emerging markets such as India,
provide opportunities to earn high returns in comparison to
what can be earned by investing in developed markets.(0)44 2827 9208.
, dilip.kumar@ifmr.ac.in
ian Institute of Management
anagement Bangalore. All rights
3.12.002Hence, emerging markets have become an attractive haven
of investment for major global financial institutional in-
vestors resulting in significant capital inflows from devel-
oped markets to emerging markets. However, emerging
markets are more vulnerable to negative news and events
happening elsewhere which usually results in institutional
investments flowing in to or out of the market. This creates
an environment of high volatility and uncertainty in these
markets. The global stock markets also have been hit by a
series of crises and turbulences over the past few decades.
These crises have their origin in different economies but
the spillover effects have been seen in important financial
markets around the globe. Since 1999, the crises that hit
India include the dot-com bubble crisis in 2000e2001, the
US sub-prime crisis in 2007e2009, and the European debt
crisis in 2010e2012. During these periods, the Indian stock
market has shown excessive volatility and drastic drop in its
values which has been a cause for concern to regulators,reserved.
Table 1 Sample periods for the Indian sectoral indices.
Sample period No. of
observations
CNX Auto 07-Jan-2004 to
30-June-2012
442
CNX Finance 07-Jan-2004 to
30-June-2012
442
CNX Energy 03-Jan-2001 to
30-June-2012
599
CNX Service 02-June-1999 to
30-June-2012
682
CNX Pharma 03-Jan-2001 to
30-June-2012
599
CNX Commodities 07-Jan-2004 to
30-June-2012
442
6 D. Kumarpolicy makers, financial institutions, portfolio managers,
and financial analysts. Moreover, the uncertainty created in
the financial markets due to excess volatility and the crises
coming one after the other has led major market partici-
pants to suffer considerably. Hence, portfolio managers
and institutional investors need to be cautious while making
investment decisions and look for potential hedging in-
struments. Baur and Lucey (2010) define hedge as an asset
that is uncorrelated or negatively correlated with another
asset or portfolio on average, specifically during times of
market stress or crisis since the asset could exhibit a posi-
tive correlation in such periods and a negative correlation
in normal times. Gold exhibits almost all the properties that
serve the criteria to be a hedging instrument. In addition,
gold is a highly liquid asset and a well developed market
exists in India where daily trading in gold is possible.
Over the last five years, gold prices have risen significantly
from $611.3 per ounce (on 10 January 2007) to $1835.52 per
ounce (on 30 August 2011) in a global market with a few cor-
rections in 2008. The drastic rise in gold price in 2008e2009 and
2011e2012 happened against the backdrop of the US sub-prime
crisis and sovereign debt crisis in European countries, which in-
dicates that gold is a safe asset for investment during the period
of recession and crisis. In spite of the increase in gold price in
India, thedemand for goldhas remained sustainedbecauseof its
traditional use in marriages and festivals in the form of orna-
ments. Gold is considered to be a preferred choice of women
globally, and due to its social and cultural importance, gold is
widely used by women in most of the South Asian countries.
Amongallphysicalassets,gold isconsideredtobehighlydurable,
universallyacceptable,andeasilydivisibleas itcanbeconverted
into gold bullion like bars and coins. Investors around the globe
mainly invest ingoldbullionbecause it iseasily transportableand
measurable and provides a hedge against inflation, political
uncertainty, slow economic growth, and exchange rate move-
ments (Capie, Mills, & Wood, 2005; Ghosh, Levin, Macmillan, &
Wright, 2004; Mahdavi & Zhou, 1997; Worthington & Pahlavani,
2007). Gold prices are known to respond quickly to inflationary
pressure. Hence, fluctuations in gold prices are of concern to
policy makers, investors, financial institutions, central banks,
and society at large.
Few studies have examined the significance of gold as a
hedge against stocks. Sherman (1982) examines the impact of
investment in gold for hedging inflation and for portfolio
diversification and finds that gold can enhance the overall rate
of return, provide portfolio diversification, and offer flexibility
for portfolio managers to counterbalance price deterioration.
Sherman (1986) again highlights the diversification benefits of
inclusion of gold in stock portfolio. Jaffe (1989) finds that
returns of gold and gold stocks are independent of the returns
of common stocks and can be used to diversify stock portfolio.
He finds that including gold in a stock portfolio not only in-
creases the mean returns of the portfolio but also its standard
deviation marginally; however, the increased returns
compensate for/are more than the increased risk. Chua, Stick,
and Woodward (1990) also observe similarly that gold bullion
can be taken as meaningful investment for stock portfolio
diversification in the long and short runs. Ghosh et al. (2004)
examine the significance of gold as a hedge against political
uncertainty, inflation, and currency risks. Capie et al. (2005)
use more than thirty years of weekly data (from January
1971 to February 2004) to assess the extent to which goldserves as a hedge against sterling-dollar and yenedollar ex-
change rates and observe time varying inelastic relationship
between gold and these exchange rates. Their findings indicate
that gold exhibits the exchange rate hedge property to a de-
gree that appears to be dependent on macroeconomic and
political events. Hillier, Draper, and Faff (2006) examine the
role of precious metals such as gold, platinum, and silver as
investment instruments in the financial market using daily data
from 1976 to 2004. They find low correlations between these
precious metals and stock market returns, which indicate that
these metals can provide diversification benefit for stock
portfolios. They also find that these precious metals exhibit
hedging ability particularly during the period of crashes and
crisis. Baur and Lucey (2010) investigate the constant and time-
varying relations between U.S., U.K. and German stock and
bond returns and gold returns to explore whether gold can act
as a hedge and a safe haven and find that on average, gold is a
hedge against stocks and a safe haven in extreme stock market
conditions. We are not able to find any paper that investigates
the role of gold for portfolio diversification and hedging in the
context of the Indian stock market.
The central aim of this paper is to investigate the return
and volatility transmission between gold and Indian indus-
trial sectors and the role of gold as hedging instrument
against various industrial sectors in India. We employ the
vector autoregressive (VAR) asymmetric dynamic condi-
tional correlation bivariate generalised autoregressive
conditional heteroskedasticity (ADCC-BVGARCH) model
with the error terms from the Student’s t distribution. We
also estimate the time varying conditional correlation be-
tween the gold and the Indian sectoral stock indices to
examine their relationship over time. The conditional var-
iances and covariance estimates from the ADCC-BVGARCH
model are used to estimate the optimal hedge ratios and
consequently, the optimal portfolio weights and hedging
effectiveness for the stock-gold pairs in the context of
portfolio management.
The remainder of this paper is organised as follows: the
second section introduces the methodology of the study;
the third section describes the data and discusses the
preliminary results; the fourth section reports the empirical
results; and the fifth section concludes with a summary of
the main findings.
Table 2 Descriptive statistics of returns.
Auto Finance Energy Service Pharma Commodities Gold
Mean 0.313 0.315 0.324 0.264 0.277 0.184 0.261
Median 0.824 0.687 0.580 0.584 0.413 0.618 0.259
Stdev 3.987 5.136 4.038 4.895 3.159 4.354 2.646
Min 16.169 17.409 20.240 26.515 18.870 20.418 14.830
Max 19.026 28.959 17.279 18.915 10.517 17.697 13.806
Quartile 1 1.788 2.378 1.721 1.992 1.301 1.755 1.099
Quartile 3 2.669 3.268 2.657 2.988 2.088 2.818 1.697
Skewness 0.325# 0.167# 0.504# 0.763# 0.821# 0.557# 0.132#
Kurtosis 1.990# 3.302# 2.546# 3.847# 3.776# 2.329# 4.238#
JB Stat 82.409# 206.383# 189.643# 491.369# 427.754# 124.983# 517.554#
ARCH LM 20.619* 34.950# 34.464# 171.798# 40.176# 47.394# 108.277#
Q(20) 22.833 41.929# 58.842# 27.577 20.732 55.145# 56.292
Corr. with Gold 0.211 0.158 0.211 0.098 0.072 0.238 1.000
N 442 442 599 682 599 442 682
#, * and y means significant at 1%, 5% and 10% level of significance respectively. Where Stdev represents the standard deviation of returns
and ARCH-LM indicates the Lagrange multiplier test for conditional heteroskedasticity with 10 lags, JB Stat indicates the Jarque-Bera
statistics, Q(20) statistic is the LjungeBox test up to 20 lags.
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The vector autoregressive asymmetric dynamic
conditional correlation multivariate GARCH model
Suppose ri,t is the return for market i at time t. We model
the spillover in mean returns by a vector autoregressive
model of order 1 (VAR(1)). The VAR(1) acceptably captures
the dynamics in market returns and reflects the quick
response of markets to new information. Hence, the return
for market i at time t is modelled as:
ri;tZmi0 þ
X2
jZ1
mijrj;t1 þ 3i;t; for i; jZ1;2 ð1Þ
in which E½ 3i;tj:xi;t1Z0, where xi;t1 contains all the in-
formation available at time t1. In equation (1), the con-
ditional mean return in each market is a function of its own
past returns and cross-market past returns. mi,j captures
the lead/lag relationship among market returns for is j. A
significant value of coefficient mi,j implies that the current
return in market j can help in predicting the future return
of market i. In short, the VAR model used allows for cross-
correlations and autocorrelations in returns.
In order to capture the volatility spillover and to model
conditional volatility, we utilise the asymmetric dynamic
conditional correlation (ADCC) bivariate generalised
autoregressive conditional heteroskedasticity (BVGARCH)
model. For all these models, the conditional variance is
taken as VAR-GARCH (1,1) as suggested by Ling and McAleer
(2003) and is given as:
3i;tZzi;t
ﬃﬃﬃﬃﬃﬃ
hi;t
q
hi;tZui0 þ
X2
jZ1
aij 3
2
j;t1 þ di 32i;t1Di;t1 þ bihi;t1 ; for jZ1;2
ð2Þwhere zi,t is the standardised residual and hi,t is the con-
ditional variance. where Di;t1 is a dummy variable and it
equals 1 when 3i,t1 is less than zero and zero otherwise.
The term diDi,t1 allows good news ( 3i,t1 > 0) and bad news
( 3i,t1 < 0) to impact differently the conditional variance.
This VAR-GARCH approach of Ling and McAleer (2003) al-
lows us to examine the impact of large shocks in one vari-
able on another variable.
The dynamic conditional correlation (DCC) model of
Engle (2002) allows the conditional correlation matrix to
vary over time and is estimated in two steps. In the first
step, we deal with the estimation of the GARCH model
parameters and in the second step, we estimate the time
varying correlation. The DCC-GARCH model is defined as
follows:
HtZDtPtDt ð3Þ
where Ht is the 2  2 conditional covariance matrix, Pt is
the conditional correlation matrix and Dt is a diagonal
matrix with time-varying standard deviations.
DtZdiag
 ﬃﬃﬃﬃﬃﬃ
h11
p
;
ﬃﬃﬃﬃﬃﬃ
h22
p 
ð4Þ
and
PtZdiag

ðQtÞ1=2

Qt diag

ðQtÞ1=2

ð5Þ
where Qt is a (2  2) symmetric positive definite matrix,
QtZðqijt Þ, and is given as:
QtZð1 q1  q2ÞQ þ q1zt1z0t1 þ q2Qt1 ð6Þ
where Q is a (2  2) matrix of the unconditional correlation
of standardised residuals. q1 and q2 are non-negative scalars
and it is assumed that q1 þ q2 < 1. The estimates of cor-
relation are given as:
ri;j;tZ
qi;j;tﬃﬃﬃﬃﬃﬃﬃﬃ
qi;j;t
p
8 D. KumarHedge ratio
In setting up the hedging process, we need to consider the
estimation of the optimal hedge ratio. The estimates of the
conditional variance and covariance can be used to
compute the optimal hedge ratio which is based on the
minimisation of the variance of the portfolio return (Kroner
& Sultan, 1993). The risk minimising hedge ratio between
asset i and asset j is given as:Figure 1 Price andi;j;tZ
hi;j;t
hj;j;t
ð7Þ
where hi,j,t is the conditional covariance between asset
i and j at time t and hj,j,t is the conditional variance of
asset j at time t. It is to be noted that a long position in
one dollar in asset i can be hedged by a short position in
di,j,t dollars of asset j.d return plots.
Table 3 Ng-Perron unit root test.
MZa MZt MSB MPT
Level
Auto 0.850 0.694 0.817 47.574
Finance 0.064 0.042 0.657 27.749
Energy 0.066 0.053 0.802 37.877
Service 0.152 0.106 0.695 31.649
Pharma 1.671 1.643 0.983 76.948
Commodities 0.860 0.520 0.605 20.531
Gold 1.732 1.998 1.153 104.337
First difference
Auto 8.948* 2.082* 0.233y 2.869*
Finance 20.429# 3.196# 0.156# 1.201#
Energy 305.775# 12.364# 0.040# 0.081#
Service 183.353# 9.574# 0.052# 0.135#
Return and volatility transmission between gold and stock sectors 9Optimal portfolio weights
Suppose the investor is holding asset i and wants to hedge
his exposure against unfavourable movements in asset j.
Following Kroner and Ng (1998), the optimal portfolio
weights can be constructed by minimising the risk of the
portfolio without impacting the expected return.
wi;j;tZ
hj;j;t  hi;j;t
hi;i;t  2hi;j;t þ hj;j;t ð8Þ
wi;j;tZ
8<
:
0; if wi;j;t < 0
wi;j;t; if 0wi;j;t  1
1; if wi;j;t > 1
ð9Þ
where wi,j,t is the weight on the first asset in a one dollar
portfolio of two assets (assets i and j ) at time t. The weight
on the second asset is given as (1wi,j,t).
Hedging effectiveness
The hedging effectiveness (HE) across the proposed portfolios
can be determined by analysing the realised hedging errors as
suggested by Ku, Chen, and Chen (2007) and is given as:
HEZ

Varianceunhedged  Variancehedged
Varianceunhedged

ð10Þ
where Variancehedged indicates the variance of the returns
of the stock-gold portfolio and Varianceunhedged indicates
the variance of returns on portfolio of stocks. The higher HE
of a given portfolio indicates the greater portfolio risk
reduction which implies that the underlying investment
strategy is deemed as a better hedging strategy.
Data and preliminary analysis
Data and descriptive statistics
The data used in this study includes the weekly data1 of gold
prices and six Indian industrial sectoral indices, CNX Auto (free-
float market capitalisation index of 15 stocks which reflects the
performance of the automobile sector), CNX Finance (free-
float market capitalisation index of most liquid and large
capitalised 15 stocks from the Indian financial market which
includes banks, financial institutions, housing finance, and
other financial services companies), CNX ENERGY (free-float
market capitalisation index of 10 stocks belonging to petro-
leum, gas and power sub sectors), CNX Service (free-float
market capitalisation index of 30 stocks which includes com-
panies belonging to the services sector such as services con-
nected with computers in software, IT education and training,
banks, and telecommunication, financial institutions, power,
media, courier, shipping etc.), CNX Pharma (free-float market
capitalisation index of 10 stocks belonging to the pharmaceu-
tical sector), and CNX Commodities (free-float market capi-
talisation index of 30 stocks which includes firms from sectors1 Weekly data is used because daily observations may be associated
with the biases due to non-trading, the bid-ask spread, and asyn-
chronous prices (Lo & MacKinlay, 1988).such as oil, petroleum products, cement, power, chemicals,
sugar, metals and mining). The data for gold spot prices is
obtained from the Bloomberg database. The data for Indian
sectoral indices are obtained from the website of the National
Stock Exchange (NSE): www.nseindia.com.
Table 1 presents the details of the sample periods for
the Indian sectoral indices under study. The weekly data
are associated with Wednesday. If Wednesday was a holi-
day, Tuesday data points are used. We have used the sector
or market name to represent the index, i.e., Auto for CNX
Auto, Finance for CNX Finance, Energy for CNX Energy,
Service for CNX Service, Pharma for CNX Pharma, Com-
modities for CNX Commodities and Gold for gold spot.
Table 2 reports the descriptive statistics of weekly
returns based on all the sectoral indices and gold prices.
The energy sector provides the highest mean weekly return
when compared to the other sectors. However, the highest
median weekly return is shown by the automobile sector.
The finance sector seems to be more volatile than other
indices and gold. Except for the financial sector, all the
other indices and gold price returns are negatively skewed.
In addition, all the indices exhibit significant leptokurtic
behaviour. The Jarque-Bera statistic confirms the signifi-
cant non-normality in all the series. The Box-Pierce Q-test
strongly rejects the presence of no significant autocorre-
lations in the first 20 lags in the return series of Finance,
Energy and Commodities sectors at a conventional level of
significance. The ARCH-LM test provides evidence in sup-
port of the presence of conditional heteroskedasticity in
the return series. The unconditional correlation between
gold and stock sectors varies between 0.072 (for pharma
sector) and 0.238 (for commodities).
Fig. 1 presents the time plots of returns and prices for all
time series under study. It can clearly be observed that all
the indices display a great deal of momentum in their levels
which includes a steep rise in index value from 2005 to the
beginning of 2008 and a sudden drop from the beginning of
2008 to the end of 2008 and again a sudden rise in index
value from 2009 onwards. We also observe volatility clus-
tering during the period 2007e2009 for all the indices.Pharma 298.787# 12.220# 0.041# 0.085#
Commodities 219.530# 10.477# 0.048# 0.112#
Gold 277.476# 11.764# 0.042# 0.106#
#, * and y means significant at 1%, 5% and 10% level, respectively.
Table 4 Maximum likelihood estimates of VAR-ADCC-BVGARCH model.
Auto Gold Finance Gold Energy Gold
mi0 0.236 (0.173) 0.402
# (0.112) 0.328 (0.213) 0.431# (0.114) 0.353# (0.131) 0.380# (0.089)
mi1 0.015 (0.056) 0.011 (0.032) 0.126* (0.049) 0.010 (0.025) 0.018 (0.045) 0.022 (0.021)
mi2 0.152* (0.068) 0.041 (0.049) 0.265# (0.085) 0.027 (0.050) 0.123* (0.056) 0.026 (0.041)
ui0 2.731
# (1.054) 0.126y (0.073) 0.600* (0.294) 0.176y (0.104) 0.581y (0.304) 0.175y (0.097)
ai1 0.111* (0.051) 0.060 (0.078) 0.005 (0.022) 0.029 (0.036) 0.165# (0.053) 0.005 (0.044)
ai2 0.024 (0.015) 0.199# (0.044) 0.019 (0.014) 0.178# (0.046) 0.007 (0.018) 0.139# (0.038)
bi 0.655
# (0.097) 0.887# (0.024) 0.928# (0.024) 0.888# (0.029) 0.839# (0.047) 0.895# (0.030)
di 0.089 (0.079) 0.159# (0.050) 0.097# (0.030) 0.145# (0.053) 0.064 (0.048) 0.109* (0.047)
qi 0.059 (0.054) 0.743
# (0.257) 0.134* (0.061) 0.595# (0.174) 0.096* (0.045) 0.713# (0.098)
n 3.965# (0.342) 11.632# (3.963) 6.627# (1.082)
LLF 2972.695 2320.163 2954.570
KS stat 0.065* 0.038 0.047 0.037 0.049 0.040
Q (20) 16.999 24.487 20.933 24.430 23.310 20.841
Qs(20) 14.126 26.936 20.604 26.645 13.332 22.105
ARCH (10) 1.050 0.751 1.376 0.780 0.422 1.049
Sign bias 1.702y 1.310 1.185 1.257 1.305 0.735
Negative size 0.706 0.685 0.978 0.720 1.144 1.077
Positive size 1.599 1.716y 1.604 1.712y 1.457 0.984
Joint test 1.240 1.011 2.465y 0.985 1.723 0.535
#, * and y means significant at 1%, 5% and 10% level, respectively. Where LLF represents the log likelihood function, KS stat indicates the
KolmogoroveSmirnov test statistic, Q(20) and Qs(20) represent the LjungeBox test statistics up to 20 lags for standardised and squared
standardised residuals, ARCH (10) indicates the Lagrange multiplier test for conditional heteroskedasticity with 10 lags.
10 D. KumarUnit root test
To examine the order of integration in Indian stock sectors
and gold, we apply Ng-Perron (2001) unit root test that
provides more reliable and consistent results as Baum
(2004) points out that the conventional unit root tests;
such as Augmented Dickey Fuller (ADF) test, Philips andTable 5 Maximum likelihood estimates of VAR-ADCC-BVGARCH
Service Gold Comm
mi0 0.446
# (0.144) 0.327# (0.082) 0.355* (
mi1 0.040 (0.042) 0.003 (0.015) 0.011 (0
mi2 0.124* (0.060) 0.020 (0.039) 0.146* (
ui0 0.472
y (0.257) 0.217* (0.107) 1.569# (
ai1 0.121* (0.038) 0.048 (0.042) 0.171* (
ai2 0.005 (0.017) 0.138
# (0.038) 0.007 (0
bi 0.876
# (0.031) 0.885# (0.034) 0.678# (
di 0.019 (0.042) 0.111* (0.047) 0.133 (0
qi 0.066 (0.040) 0.775
# (0.135) 0.079 (0
n 7.437# (1.334) 8.327# (
LLF 3471.823 2239.648
KS stat 0.044 0.043 0.052
Q (20) 28.008 26.802 23.648
Qs(20) 11.045 16.088 12.230
ARCH (10) 0.477 0.728 0.525
Sign bias 1.565 0.048 1.133
Negative size 1.820y 0.475 1.453
Positive size 1.816y 0.663 1.472
Joint test 2.100y 0.356 1.186
#, * and y means significant at 1%, 5% and 10% level, respectively. Whe
KolmogoroveSmirnov test statistic, Q(20) and Qs(20) represent the Lj
standardised residuals, ARCH (10) indicates the Lagrange multiplier tPerron (PP) test, and KwiatkowskiePhillipseSchmidteShin
(KPSS) test suffer from poor size and power properties for
samples of smaller size and may provide biased results.
Table 3 presents the results obtained from Ng-Perron unit
root test for level and first difference data. Results indicate
that all Indian sectoral indices and gold prices have unit
roots at level data. However, all series become stationarymodel.
Gold Pharma Gold
0.172) 0.448# (0.112) 0.339# (0.106) 0.401# (0.089)
.055) 0.003 (0.030) 0.003 (0.043) 0.010 (0.029)
0.071) 0.043 (0.052) 0.059 (0.041) 0.028 (0.040)
0.600) 0.195y (0.115) 0.107 (0.112) 0.138 (0.084)
0.070) 0.008 (0.082) 0.079# (0.026) 0.029 (0.027)
.020) 0.166# (0.048) 0.005 (0.020) 0.151# (0.041)
0.069) 0.887# (0.030) 0.926# (0.026) 0.910# (0.026)
.107) 0.131* (0.058) 0.024 (0.031) 0.139# (0.046)
.054) 0.686# (0.150) 0.094 (0.058) 0.541# (0.194)
2.058) 6.536# (1.114)
2836.598
0.041 0.045 0.039
25.038 24.868 21.009
27.896 14.587 20.220
1.029 1.033 0.827
1.483 1.761y 0.722
1.097 1.803y 1.228
1.605 1.396 1.072
1.029 2.205y 0.713
re LLF represents the log likelihood function, KS stat indicates the
ungeBox test statistics up to 20 lags for standardised and squared
est for conditional heteroskedasticity with 10 lags.
Figure 2 Time varying conditional correlations.
Return and volatility transmission between gold and stock sectors 11in the first difference form. This concludes that all data
series are integrated at I(1). We also apply ADF, PP and KPSS
tests2 to examine the level of integration and stationarity
of the series and obtain similar results.
Empirical results
This section reports the maximum likelihood estimates of
the VAR-ADCC-BVGARCH models to examine the return and
volatility spillover effects in the stock-gold pairs and use
the variances and covariance estimates to find the hedge
ratios and the optimal portfolio weights for the stock-gold
pairs. Finally, this section reports the hedging effectiveness
of the stock-gold portfolio.
The VAR-ADCC-BVGARCH model
Tables 4 and 5 report the maximum likelihood estimates and
the post diagnostic tests results (on standardised residuals)2 Results are not shown here and will be available on request.of the VAR(1)-ADCC-BVGARCH(1,1) model for all six stock-
gold pairs under study. Results from the mean equation
indicate that the current returns on all the stock sectors
(except for the case of Pharma) are significantly affected by
the lagged gold returns (represented by m12) at conventional
level of significance. This indicates the presence positive
significant return spillover from gold to Indian industrial
sectors (except for pharma sector). On the other hand, the
autoregressive terms in the returns for stocks and gold are
insignificant for all the cases except for the financial sector
where it is significant at 5% level of significance providing
evidence of return predictability only for financial sector.
These findings indicate that for most of the cases the past
returns from stock sectors cannot help in predicting the
current stock returns. We do not find any evidence of return
spillover from Indian industrial sectors to gold.
The short term dependence and the volatility persis-
tence in the conditional variance equation are captured by
the ARCH (aii) and the GARCH (bi) coefficients. These co-
efficients are significant at conventional level of signifi-
cance for all industrial sectors and gold except for the
financial sector where ARCH coefficient is insignificant. The
12 D. Kumarstatistical significance of aii indicates that past information
shocks significantly affect the current conditional volatility.
On the other hand, the statistical significance of GARCH
coefficient for all stock sectors as well as gold represents
the sensitivity of past volatility in these assets on their own
current volatility. It can be seen that for all the stock-gold
pairs, the values of estimated aii coefficients are smaller
than the estimated bi coefficients which indicates that the
long run persistence in volatility for an asset is higher than
its short run persistence. This also indicates that the esti-
mated conditional volatility series tend to evolve more
rapidly due to substantial effect of past volatility than the
return innovations. This is helpful for portfolio managers
and investors to implement active investment strategies
based on long run persistence and the current information
shocks.
In addition, we do not find any evidence of volatility
spillover between any of the stock-gold pairs under study.
The significant value of d2 provides evidence in support of
the presence of asymmetric volatility in the gold returns.
The estimated coefficients q1 and q2 for DCC model areFigure 3 Time varying hedge ratpositive and statistically significant for most of the cases at
conventional level of significance. In addition, the
(q1 þ q2) < 1, which indicates the mean reverting nature of
dynamic condition correlations between gold and stock
sectors. The significant values of the degrees of freedom
parameter (n) indicates that the VAR(1)-ADCC-
BVGARCH(1,1) model under the Student’s t distribution
captures the leptokurtic behaviour of the estimated
residuals.
The insignificant value of the KolmogoroveSmirnov test
statistic at the 1% level of significance provides support for
the normality of the standardised residuals for all time
series under study. The insignificant value of the ARCH-LM
statistic up to 10 lags indicates that the VAR(1)-ADCC-
BVGARCH(1,1) model is also able to capture the hetero-
skedasticity in the series. The results also suggest that
there is no sign bias and size bias in the standardised in-
novations indicating that the VAR(1)-ADCC-BVGARCH(1,1)
model adequately captures the asymmetry in the volatility
process. Finally the insignificant values of Q(20) and Qs(20)
for all the cases indicates the absence of serial correlationios estimated using DCC model.
Figure 3 (continued)
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siduals at 1% level of significance which indicates that the
above model is well specified.
Time varying conditional correlation
Fig. 2 reports the time-varying dynamic conditional corre-
lation estimated from the VAR(1)-ADCC-BVGARCH(1,1)
model for all stock-gold pairs. We find higher negative
conditional correlations during the period of global finan-
cial crisis (2008e2009) and higher positive conditional cor-
relations during the period 2005e2006 for all pairs under
study. In addition, we observe a wide variation in condi-
tional correlations over the study period fluctuating be-
tween positive and negative values which indicate that
there is wider scope to examine the benefits of portfolio
diversification in the stock-gold pairs. Results also indicate
that the stock-gold portfolio diversification works mainly
during periods of crisis and recession, that is, the negative
values of conditional correlations can be observed during
the period of dot-com bubble burst (2000e2001), sub-prime
crisis (2008e2009) and European debt crisis (2011e2012).Hedging ratio
We use the estimates of conditional covariance and con-
ditional variance from the VAR(1)-ADCC-BVGARCH(1,1)
model to estimate the optimal hedge ratios (Kroner &
Sultan, 1993) for all possible gold/stock and stock/gold
pairs using equation (7) and this is reported in Fig. 3. The
hedge of asset i with asset j (as indicated in Fig. 3) means
that a long position in asset i can be hedged with a short
position in asset j. We observe wide variation in the hedge
ratio over time for all the stock/gold and gold/stock pairs
which indicates that the portfolio managers have to reba-
lance the portfolio more often. The higher values of hedge
ratios are mainly observed during the period 2000e2001
(dot-com bubble crash), 2005e2006 (before global financial
crisis) and 2008e2009 (sub-prime crisis). In addition, we
also find higher negative values of hedge ratios (di,j,t) during
the period of sub-prime crisis for all pairs which indicates
that the asset i and asset j are moving in opposite direction
(negative correlation) in a short run and it requires the
portfolio manager to go long in asset j to hedge against the
long position in asset i.
Table 6 Descriptive statistics of time varying hedge ratio (Long/Short).
Mean Median St. dev. Min Max
Auto/Gold 0.330 0.320 0.174 0.195 1.203
Finance/Gold 0.309 0.310 0.290 1.076 1.330
Energy/Gold 0.324 0.303 0.243 0.576 1.528
Service/Gold 0.173 0.169 0.204 0.881 1.062
Pharma/Gold 0.089 0.087 0.123 0.396 0.713
Commodities/Gold 0.378 0.334 0.235 0.311 1.661
Gold/Auto 0.148 0.138 0.072 0.119 0.413
Gold/Finance 0.098 0.099 0.098 0.403 0.504
Gold/Energy 0.150 0.141 0.115 0.439 0.507
Gold/Service 0.068 0.060 0.073 0.278 0.459
Gold/Pharma 0.066 0.063 0.102 0.731 0.557
Gold/Commodities 0.170 0.164 0.095 0.266 0.516
Long/Short represents that the first asset is long and the second asset is shorted in a portfolio.
14 D. KumarTable 6 reports the descriptive statistics of the time
varying hedge ratios for all stock/gold and gold/stock pairs.
The average value of the hedge ratio for the auto/gold pair
is 0.330 which indicates that a $1 long position in automo-
bile sector stocks can be hedged with 33 cents of a short
position in the gold. Similarly for the other cases also, a $1
position in the first asset can be hedged with the average
value of the hedge ratio percentage of a short position in
the second asset. For the case of stock/gold pairs, the
cheapest hedge (the lowest value of the hedge ratio)
among all the cases is to go long $1 in the pharma sector
stocks and short 8.9 cents of gold and the most expensive
hedge (the highest value of the hedge ratio) is by going long
$1 in commodities and shorting 37.8 cents of gold. On the
other hand, for gold/stock pairs, the cheapest hedge is to
go long $1 in gold and short 6.6 cents of pharma sector
stocks and the most expensive hedge is to go long $1 of gold
and short 17 cents of commodities.
Optimal portfolio weights
In this sub-section, we construct time varying optimal
portfolio weights based on the conditional variances and
covariances estimates of the VAR(1)-ADCC-BVGARCH(1,1)
model as suggested by Kroner and Ng (1998) using equations
(8) and (9). Fig. 4 presents the time varying optimal weights
of gold and stock sector in an optimal portfolio. It can be
seen that the weights of the constituents of the stock-gold
portfolio are fluctuating a lot over a period of time. This
does not mean that the portfolio manager has to rebalance
the portfolio at each point of time which may lead to
increased transaction costs. Portfolio managers can look for
average weights of the constituents of a portfolio over a
period of time and rebalance the portfolio by purchasing
the under-weighted asset and selling the over-weighted
asset. Table 7 presents the descriptive statistics of the
optimal portfolio weights of the stock in a stock-gold
portfolio. The average weight for Auto/Gold portfolio is
0.293 indicating that for a $1 portfolio, on average 29.3
cents should be invested in automobile stocks and the
remaining 70.7 cents should be invested in gold. For
financial sector, the optimal allocation of gold in a stock-
gold portfolio should be 79.6% and remainder 20.4%
should be invested in financial sector stocks. For energysector, the optimal investment involves allocation of $1
portfolio as 27.7 cents in energy stocks and 72.3 cents in
gold. Similarly, on average, 24.9%, 41.3% and 28.3% of the
stock/gold portfolio should be invested in the service
sector, commodities and the pharmaceutical sector
respectively and remaining 75.1%, 58.7% and 71.7% of the
portfolio for a given stock should be invested in gold.
Hedging effectiveness
Table 8 reports the unhedged portfolio variance, hedged
portfolio variance and hedging effectiveness ratios based on
equation (10). Results indicate that including gold in a portfolio
as a part of hedging strategy significantly reduces the portfolio
risk. It can be seen that the variance reduction due to
involvement of gold in an optimal portfolio ranges from 56.1%
for pharmaceutical sector to 72.3% for financial sector.
Conclusion
The core aim of this article is to examine the return and
volatility spillover, portfolio designs and hedging effec-
tiveness in gold and Indian stock market from the
perspective of Indian industrial sectors. This paper uses
VAR(1)-ADCC-BVGARCH(1,1) model, under the assumption
that the error terms follow the Student’s t distribution, to
investigate the return and volatility spillover between gold
prices and stock prices of Indian industrial sectors. More-
over, we also examine the return and volatility spillover
between gold and stock sectors. Our findings indicate sig-
nificant return spillover from gold to Indian industrial sec-
tors. We do not find any significant evidence of volatility
spillover from gold to Indian stock sectors. For each stock-
gold pair, the dynamic conditional correlations vary sub-
stantially between positive and negative values over time
and the negative values of conditional correlations are
mainly observed during the periods of crisis and recession,
for example, dot-com bubble burst (2000e2001), sub-prime
crisis (2008e2009) and European debt crisis (2011e2012),
indicating wider scope of portfolio diversification during
the periods of crisis and recession. Moreover, our results of
hedge ratios and optimal portfolio weights suggest that the
Table 7 Summary statistics of portfolio weights for pairs of stock sectors and gold.
Mean Median St. dev. Min Max
Auto/Gold 0.293 0.255 0.167 0.000 0.837
Finance/Gold 0.204 0.189 0.106 0.000 0.630
Energy/Gold 0.277 0.265 0.152 0.000 0.673
Service/Gold 0.249 0.236 0.132 0.000 0.665
Commodities/Gold 0.413 0.411 0.143 0.117 0.772
Pharma/Gold 0.283 0.264 0.169 0.000 0.744
Table 8 Hedging effectiveness.
Auto Finance Energy Service Commodities Pharma
VarianceUnhedged 15.570 26.082 16.309 23.980 18.677 10.005
VarianceHedged 6.464 7.217 5.707 5.597 6.889 4.390
HE 0.585 0.723 0.650 0.767 0.631 0.561
HE: hedging effectiveness.
Figure 4 Time varying optimal portfolio weights.
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16 D. Kumarinvestment risk in Indian industrial sectors can be managed
with relatively low costs by taking a short position in the
gold futures markets. Our findings from hedging effective-
ness suggest that stock-gold portfolio provides better
diversification benefits than the stock portfolios. Overall, it
can be said that gold can be considered a valuable asset
class that can improve the risk-adjusted performance of a
well-diversified portfolio of stocks and also acts as hedge
against various market and macroeconomic factors. Our
empirical findings have several policy implications relevant
for portfolio managers, risk managers, policy makers, and
researchers. In addition, our findings have important im-
plications towards implementing trading strategies and in
the evaluation of investment and asset allocation decisions
by portfolio managers, financial analysts, and institutional
investors such as pension funds.
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